We investigate the shape of the Italian personal income distribution using microdata from the Survey on Household Income and Wealth, made publicly available by the Bank of Italy for the years 1977-2002. We find that the upper tail of the distribution is consistent with a Pareto-power law type distribution, while the rest follows a twoparameter lognormal distribution. The results of our analysis show a shift of the distribution and a change of the indexes specifying it over time. As regards the first issue, we test the hypothesis that the evolution of both gross domestic product and personal income is governed by similar mechanisms, pointing to the existence of correlation between these quantities. The fluctuations of the shape of income distribution are instead quantified by establishing some links with the business cycle phases experienced by the Italian economy over the years covered by our dataset.
Introduction
In the last decades, extensive literature has shown that the size of a large number of phenomena can be well described by a power law type distribution.
The modeling of income distribution originated more than a century ago with the work of Vilfredo Pareto, who observed in his Cours d'économie politique (1897) that a plot of the logarithm of the number of income-receiving units above a certain threshold against the logarithm of the income yields points close to a straight line. This power law behaviour is nowadays known as Pareto law.
Recent empirical work seems to confirm the validity of Pareto (power) law. For example, [1] show that the distribution of income and income tax of individuals in Japan for the year 1998 is very well fitted by a power law, even if it gradually deviates as the income approaches lower ranges. The applicability of Pareto distribution only to high incomes is actually acknowledged; therefore, other kinds of distributions has been proposed by researchers for the low-middle income region. According to [2] , U.S. personal income data for the years 1935-36 suggest a power law distribution for the high-income range and a lognormal distribution for the rest; a similar shape is found by [3] investigating the Japanese income and income tax data for the high-income range over the 112 years 1887-1998, and for the middle-income range over the 44 years 1955-98.
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[4] confirm the power law decay for top taxpayers in the U.S. and Japan from 1960 to 1999, but find that the middle portion of the income distribution has rather an exponential form; the same is proposed by [5] for the U.K. during the period 1994-99 and for the U.S. in 1998.
The aim of this paper is to look at the shape of the personal income distribution in Italy by using cross-sectional data samples from the population of Italian households during the years 1977-2002. We find that the personal income distribution follows the Pareto law in the high-income range, while the lognormal pattern is more appropriate in the central body of the distribution. From this analysis we get the result that the indexes specifying the distribution change in time; therefore, we try to look for some factors which might be the potential reasons for this behaviour.
The rest of the paper is organized as follows. Sec. 2 reports the data utilized in the analysis and describes the shape of the Italian personal income distribution. Sec. 3 explains the shift of the distribution and the change of the indexes specifying it over the years covered by our dataset. Sec. 4 concludes the paper.
Lognormal pattern with power law tail
We use microdata from the Historical Archive (HA) of the Survey on Household Income and Wealth (SHIW) made publicly available by the Bank of Italy for the period 1977-2002 [7] .
2 All amounts are expressed in thousands of lire. Since we are comparing incomes across years, to get rid of inflation data are reported in 1976 prices using the Consumer Prices Index (CPI) issued by the National Institute of Statistics [9] . The average number of income-earners surveyed from the SHIW-HA is about 10,000. Fig. 1 shows the profile of the personal income distribution for the year 1998. We take the horizontal axis as the logarithm of the income in thousands of lire and the vertical axis as the logarithm of the cumulative probability. The cumulative probability is the probability to find a person with an income greater than or equal to x:
Two facts emerge from this figure. Firstly, the central body of the distribution (almost all of it below the 99 th percentile) follows a two-parameter lognormal distribution (green solid line). The probability density function is:
with 0 < x < ∞, and where µ and σ are the mean and the standard deviation of the normal distribution. The value of the fraction β = 1 √ 2σ 2 returns the so-called Gibrat index; if β has low values (large variance of the global distribution), the personal income is unevenly distributed. From our dataset we 2 The data for the years preceding 1977 are no longer available. The survey was carried out yearly until 1987 (except for 1985) and every two years thereafter (the survey for 1997 was shifted to 1998). In 1989 a panel section consisting of units already interviewed in the previous survey was introduced in order to allow for better comparison over time. The basic definition of income provided by the SHIW is net of taxation and social security contributions. It is the sum of four main components: compensation of employees; pensions and net transfers; net income from self-employment; property income (including income from buildings and income from financial assets). Income from financial assets started to be recorded only in 1987. See [8] for details on source description, data quality, and main changes in the sample design and income definition. obtain the following maximum-likelihood estimates: 3μ = 3.48 (0.004) and σ = 0.34 (0.006);
4 Gibrat index isβ = 2.10. Secondly, about the top 1% of the distribution follows a Pareto (power law) distribution. This power law behaviour of the tail of the distribution is more evident from Fig. 2 , where the red solid line is the best-fit linear function. We extract the power law slope (Pareto index) by running a simple OLS regression of the logarithm of the cumulative probability on a constant and the logarithm of personal income, obtaining a point estimate ofα = 2.76 (0.002). Given this value forα, our estimate of x 0 (the income level below which the Pareto distribution would not apply) is 17,141 thousand lire. The fit of linear regression is extremely good, as one can appreciate by noting that the value of R 2 index is 0.9993.
The distribution pattern of the personal income expressed as the lognormal with power law tails seems to hold all over our time span, as one can easily recognize from Fig. 3 , which shows the shape of income distribution for all the years. The corresponding estimated parameters for the lognormal and Pareto distributions are given in Table 1. The table also shows the values of Gibrat index and the OLS R 2 . However, the power law slope and the curvature of the lognormal fit differ from each other. This fact means that the indexes specifying the distribution (Pareto and Gibrat indexes) differs from year to year. We therefore try to quantify the fluctuations of the shape of income distribution in the next section.
Time development of the distribution
We start by considering the change of the distribution over time. As Fig. 3 shows, the distribution shifts over the years covered by our dataset. Macroeconomics argues that the origin of the change consists in the growth of the Gross Domestic Product (GDP). To confirm this hypothesis we study the fluctuations in the growth rates of GDP and Personal Income (PI), and try to show that similar mechanisms may be responsible for the observed growth dynamics of both country and individuals. The distribution of GDP annual growth rates is shown in Fig. 4 . We calculate it using the data from the OECD Statistical Compendium [10] , and expressing the rates in terms of their logarithm, R GDP ≡ log (GDP t+1 /GDP t ), where GDP t and GDP t+1 are the GDP of the country at the years t and t + 1 respectively. Data are reported in 1976 prices; moreover, to improve comparison of the values over the years we detrend them by applying the Hodrick-Prescott filter. By means of a non-linear algorithm, we find that the probability density function of annual growth rates is well fitted by a Laplace distribution (the red solid line in the figure), which is expressed as:
with −∞ < x < +∞, and where µ and σ are the mean value and the standard deviation. This result seems to be in agreement with the growth dynamics of PI, as shown in Fig. 5 for two randomly selected distributions. We calculate them using the panel section of the SHIW-HA, which covers the period 1987-2002. As one can easily recognize, the same functional form describing the probability distribution of GDP annual growth rates is also valid in the case of PI growth rates. These findings lead us to check the possibility that the growth rates of both GDP and PI are drawn from the same distribution. To this end, we perform a two-sample Kolmogorov-Smirnov test and check the null hypothesis that both GDP and PI growth rate data are samples from the same distribution. Before applying this test, to consider almost the same number of data points relating to units with different sizes we draw a 2% random samples of the data we have for individuals, and normalize them together with the data for GDP annual growth rate using the transformations R PI − R PI /σ PI and R GDP − R GDP /σ GDP . As shown in Table 2 , which reports the p-values for all the cases we studied, the null hypothesis of equality of the two distributions can not be rejected at the usual 5% marginal significance level. Therefore, the data are consistent with the assumption that a common empirical law might describe the growth dynamics of both GDP and PI, as shown in Fig. 6 , where all the curves for both GDP and PI growth rate normalized data almost collapse onto the red solid line representing the non-linear Laplace fit. nial from 1987) makes it difficult to establish a link with the business cycle, it seems possible to find a (negative) relationship between the above-stated indexes and the fluctuations of economic activity. For example, Italy experienced a period of economic growth until the late '80s, but with alternating phases of the internal business cycle: of slowdown of production up to the 1983 stagnation; of recovery in 1984; again of slowdown in 1986. As one can recognize from the figure, the values of Pareto and Gibrat indexes, inferred from the numerical fitting, tend to decrease in the periods of economic expansion (concentration goes up) and increase during the recessions (income is more evenly distributed). The time pattern of inequality is shown in Fig. 8 , which reports the temporal change of Gini coefficient for the considered years. 6 In Italy the level of inequality decreased significantly during the '80s and rised in the early '90s; it was substantially stable in the following years. In particular, a sharp rise of Gini coefficient (i.e., of inequality) is encountered in 1987 and 1993, corresponding to a sharp decline of Pareto index in the former case and of both Pareto and Gibrat indexes in the latter case. We consider that the decline of Pareto exponent in 1987 corresponds with the peak of the speculative 'bubble' begun in the early '80s, and the rebounce of the index follows its burst on October 19, when the Dow Jones index lost more than 20% of its value dragging into disaster the other world markets. This assumption seems confirmed by the movement of asset price in the Italian Stock Exchange (see Fig. 9 , left panel). 7 As regards the sharp decline of both indexes in 1993, The data source is [10] .
the level and growth of personal income (especially in the middle-upper income range) were notably influenced by the bad results of the real economy in that year, following the September 1992 lira exchange rate crisis. The effects of recession (visible in Fig. 9 , right panel) produced a leftwards shift of the distribution and widened its range; this, combined with a concentration of individuals towards middle income range, induced an increase in inequality.
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It would be expected that these facts cause the invalidity of Pareto law for high incomes. This was well the case of Italian economy during the mentioned years. Fig. 10 shows the power law region in 1987 and 1993. Compared to other years, one can observe that the data can not be fitted by the Pareto law in the entire range of high-income.
Concluding remarks
In this paper we find that the Italian personal income microdata are consistent with a Pareto-power law behaviour in the high-income range, and with a twoparameter lognormal pattern in the low-middle income region.
The numerical fitting over the time span covered by our dataset show a shift of the distribution, which is claimed to be a consequence of the growth of the country. This assumption is confirmed by testing the hypothesis that the growth dynamics of both gross domestic product of the country and personal income of individuals is the same; the two-sample Kolmogorov-Smirnov test we perform on this subject lead us to accept the null hypothesis that the growth rates of both the quantities are samples from the same probability distribution in all the cases we studied, pointing to the existence of correlation between them.
Moreover, by calculating the yearly estimates of Pareto and Gibrat indexes, we quantify the fluctuations of the shape of the distribution over time by establishing some links with the business cycle phases which Italian economy experienced over the years of our concern. We find that there exists a negative relationship between the above-stated indexes and the fluctuations of economic activity at least until the late '80s. In particular, we show that in two circumstances (the 1987 burst of the asset-inflation 'bubble' begun in the early '80s and the 1993 recession year) the data can not be fitted by a power law in the entire high-income range, causing breakdown of Pareto law.
